ABSTRACT The recent advancement in intelligent transportation system makes it crucial to equip vehicles with intelligent onboard system (IOS). With the help of IOSs, vehicles can obtain varieties of convenient services from both remote service centers and other vehicles. However, the deficiency of the existing IOS makes the upgrade process complex and costly for the reason of its closed architecture. In order to solve this problem, network function virtualization (NFV) is introduced to make the IOS open by virtualizing services as software applications that can be executed on standard IT platforms. Furthermore, the NFV-based IOS can build an ordered service chain, consisting of virtualized network functions (VNFs), among different IOSs, and support VNF reuse. Thus, it is imperative to optimize the chaining scheme to obtain a shorter average service time (AST). In this paper, we propose a clustered VNF chaining scheme, which deploys VNFs in clusters according to the cluster head of each vehicle clusters, and derive the expression of the AST in a relative static scenario. Based on this scheme, the dynamic AST of a given cluster in a moving scenario is also analyzed on the grounds of both macroscopic mobility model and microscopic mobility model. The analyses show that both of the vehicle density and distance-headway variations have influence on the AST of one given cluster, which is verified by numerical results. In addition, the experiment results also show that the proposed scheme has a better performance compared with other two schemes, which reduces the AST 61% and 43%, respectively. INDEX TERMS NFV-based, V2X, clustered, chaining, average service time (AST), Markov chain.
breakthrough in the telecommunication industry, NFV makes many significant benefits for both network operators and customers [5] , [6] . Besides, the NFV infrastructure should be able to instantiate virtual network functions (VNFs) and interconnect them to achieve service chaining [6] . Since VNFs can be dynamically created/migrated, how to deploy them and connect them to build a service chain is a challenge for implementing NFV technology.
When the NFV technology is used in the 5G V2X networks, the openness of the IOS makes updating it easy and effective by only updating the software. What's most important, the flexible VNF reuse and migrating makes it possible for supporting vehicle-to-vehicle (V2V) cooperation in the 5G V2X networks, as well as cluster-based networking. By letting adjacent vehicles as a local VNF manager instead of the remote service centers, the communication delay can be reduced significantly.
Due to the fact that the intelligent vehicles just appear in the market, there are a few works studying on NFV-based V2X networks except that [4] introduced an NFV-based framework for V2X networks and discussed the benefits and challenges, without a detailed implementation scheme and performance analysis. However, there are several NFV schemes in other networks proposed in recent literatures. In [7] , the proposed scheme aimed to enhance the service reliability in physical network. In [8] , the objective of the scheme was to maximize the number of NFs and minimize both the routing and infrastructure costs to satisfy the requests. Both [7] and [8] were not focused on service time, which is an important indicator in V2X networks. Although [9] considered the service's end-to-end delay, it is applied for NFV-enabled datacenter networks, which did not consider the mobility of the nodes. Reference [10] studied the problem of service chain deployment to minimize the total cost, but it focused on the path optimization rather than the VNF deployment in each nodes. From my knowledge, this paper is the first to consider the VNF deployment in a vehicular scenario and analyze the service response time (i.e., the ''service time'' in the rest of the paper) of a clustered service chain mathematically.
Besides, cooperative communication models and mobility models are also proposed in recent literatures. Reference [11] proposed an uncoordinated cooperative forwarding scheme in large highly dynamic vehicular networks, where the forward decisions are made according to the locations of each node. References [12] and [13] considered QoS effect when calculating the effective capacity in a cooperative network. References [14] [15] [16] were focused on node clustering, which is a common way to cooperate with neighbouring vehicles in V2X networks. On the other hand, the high node mobility is a major character of V2X networks which may cause frequent network topology changes. Thus, it is meaningful to have a research on modeling vehicle traffic characteristics, i.e., the headways [17] . In general, vehicle mobility models can be categorized into three types: macroscopic, mesoscopic and microscopic. A macroscopic distance headway model describes the average distance headway over a highway [18] , [19] . A mesoscopic model describes distance headways of individual vehicles by independent and identically distributed (i.i.d.) random variables [20] . A microscopic model illustrates time variations of a distance headway according to some random factors [21] .
In this paper, an NFV-based V2X network is considered, where a clustered VNF chaining scheme is proposed. The main advantage of a clustered VNF chaining for V2V communication is reducing the average service time (AST) for a service chain significantly. The work is based on and including our previous work in [22] . In addition, it extends the AST analysis in a moving scenario ground on both macroscopic mobility model and microscopic mobility model. More specifically, the main contributions of this paper can be summarized as follows:
-For a better utilization of NFV technology to V2X networks, a clustered VNF chaining scheme is proposed by designing the stochastic model for the VNF deployment of the V2X networks. We then set up the flow diagram for the process of establishing the VNF chain route and derive the expression of the AST in the NFV-based V2X networks based on a relative static scenario. -Since the network topology variation is a common phenomenon in V2X networks for the reason of the high node mobility, it is necessary to analyze the AST in a moving scenario. To obtain the dynamic AST, we use two mobility models to show the average cluster variation among a period of time and the instantaneous cluster variation at the next time step, respectively. When using the macroscopic mobility model, the realtime AST is calculated according to the PPP model. As regard to the microscopic mobility model, the probabilities of cluster variations are analyzed by using a Markov chain model. -The numerical experiments results show that the proposed scheme is more effective compared with other two schemes, which can reduce the AST more than 61% and 43% respectively. Furthermore, the extensive numerical experiments and case study also verifies that both vehicle density and distance-headway variations have influence on the AST in the NFV-based V2X networks. The rest of this paper is organized as follows. An NFV-based V2X network model is presented in Section II. In Section III, the clustered chaining scheme is put forward in 5G V2X networks, where the CVC-NV Algorithm is proposed with the detailed service chain establishing process. In section IV, the update of AST is analyzed in the moving scenarios based on macroscopic mobility model and microscopic mobility model, respectively, where a case study is also illustrated for the microscopic mobility model. Numerical experiments are presented in Section V, followed by the conclusions in Section VI. 
II. SYSTEM MODEL
The system model of a clustered NFV-based V2X network is illustrated in Fig. 1 . We denote the vehicle set by N = {1, 2, . . . , N } and VNF set by F = {f 1 , f 2 , . . . , f F } respectively, where N , F ∈ Z + . Assume that the VNF storage capacity constraint for each vehicle is denoted as C. The main advantage of the clustered NFV-based service chaining for V2V communication is that the requested VNF in the same cluster can be reused directly without transmitting from the remote service centers, resulting in reducing the service time for a service chain obviously. What's more, the redundancy of dedicated VNFs in a given region is reduced by clustering method (i.e, increasing the VNF diversity), resulting in a higher hit probability for VNF requests. In the model, the N vehicles in the network region are divided into fixed nonoverlapped l clusters uniformly, each of which includes only one cluster head (CH) and other cluster members (CMs). A CH has all the VNF distribution information of its own cluster. Once there is a service request in any vehicle, its CH will establish a service chain, consisting of ordered VNFs, by the signaling packets.
A. VNF DISTRIBUTION MODEL
The deployment of VNFs in the IOS of vehicles belonging to a given network is based on the popularity of VNFs themselves, which is periodically updated according to the importance of VNFs and by monitoring the VNF demand rate. This work is done by a hypervisor which collects and synthesizes each CHs' information and broadcast the popularity indicator periodically. It is assumed that the popularity indicator of the VNF shows its global popularity in the network. If the popularity of VNFs get changed, the VNF storage in the corresponding vehicles should be updated.
Considering a finite VNF library F = {f 1 , f 2 , . . . , f F } for the vehicle requests, where f i is the i-th most popular VNF and F is the library size. All VNFs are assumed to in equal size, which is normalized to one. By using the Zipf law as the popularity distribution, which is verified valid for modeling the request distribution [23] , the request probability of the i-th most popular VNF is
and α is the shape parameter of Zipf law, widely used in modeling the distributions of virtual machine (VM) based on popularity [24] . The deployment of VNFs in each cluster is based on the descending order of p i . According to p i , the VNFs are classified into two kinds: basic VNFs (bVNFs), which are the M VNFs with a bigger p i and always stored in each vehicles, and dedicated VNFs (dVNFs), which are other VNFs with a smaller p i . Note that the critical VNFs, as the bVNFs, can be given a top rank as the most popular M VNFs and are always stay locally.
Considering the complexity and particularity in NFV-based V2X networks, we design the VNF distribution scheme of each cluster as follow: Assuming that the IOS capacity of each vehicle is C, the CH always stores most C − M popular dVNFs, while the rest of the dVNFs in the cluster are stored according to their popularity and deployed uniformly and randomly in each CMs of the cluster. Note that all the dVNFs have only one copy in each cluster. When a requested VNF is not in the cluster, it will be transformed from other clusters or from the nearest remote service center.
B. VNF HIT PROBABILITY ANALYSIS
The VNF hit probability is the probability that a random requested VNF of an active user is stored in local storage which is inside its cluster. It is obtained that each cluster has a CH and N l − 1 CMs on average. Since the bVNFs are in local IOS, the AST is only related to dVNFs. By calculating, the hit probability that an arbitrarily requested VNF is a bVNF, a dVNF stored in the CH, and a dVNF stored in one of the CMs inside the cluster can be expressed by P b , P H , and P M respectively as follow:
Thus, the hit probability that an arbitrarily requested VNF is a dVNF and in the own IOS can be expressed as P s = P M l/(N − l). From the above analysis, we can see the probability that an arbitrarily requested VNF is in its own IOS is P n = P b + P s , where the service time can be ignored. While, the probability that an arbitrarily requested VNF is not in its own IOS but in its cluster is
To guarantee the effectiveness of VNF transmission, the transmission distance of a VNF by V2V communication is constrained by a given region v , which results in a situation that a vehicle may not obtain the requested VNF through V2V link and has to acquire it from the remote service center. It is assumed that the average probability that a VNF can be obtained through V2V link when it's not in its own cluster is P v , which is related to the vehicle density.
III. CLUSTERED VNF CHAINING SCHEMES IN NFV-BASED V2X NETWORKS A. CVC-NV ALGORITHM
Based on the VNF distribution model in Section II, the clustered VNF chaining scheme in an NFV-based V2X network (CVC-NV) is presented. The procedure of the CVC-NV is shown in Algorithm 1. Especially, the detailed procedure of
Step 3 is described as follow: The CH has been decided once the cluster is established by the hypervisor according to the geographic position. The hypervisor communicates with each CH about the information of its cluster. Then the CH will send a signaling packet to all its CMs including their CH and cluster information. Furthermore, the process of the VNF chaining in an NFV-based V2X network is also shown in Fig. 2 .
B. AST ANALYSIS
The AST refers to the average end-to-end time required to process traffic flow (i.e. service requests) through the service chain, i.e., steering the traffic flow of the requests in a service chain from the first requested VNF to the last requested VNF orderly. Since multiple clusters worked parallelly in an NFV-based V2X network, the AST can be calculated as
where h in and h out are the average number of hop counts between two communication vehicles in the cluster and in the network region respectively, n r is the total number of service requests in the network, n f is the number of required VNFs in a service chain, D r is the average delay between vehicle and remote service center, and D v is the average end-to-end delay between each pair of adjacent vehicles which is the deterministic sum of the queuing delay d Q , the transmission delay d T , and the propagation delay d P [25] :
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Algorithm 1 CVC-NV Algorithm
Step 1: First obtain the network status and the correspond-
Step 2: Set an appropriate cluster size and obtain the corresponding number of clusters l;
Step 3: Select the vehicle which is in the center and has the richest connections with other vehicles in each cluster as the CH by the hypervisor, and broadcast the cluster information to all the CMs;
Step 4: Set up M bVNFs in each vehicle and the most C − M popular dVNFs in the CH while the rest of the dVNFs in the cluster are stored according to their popularity and deployed uniformly and randomly in each CMs of the cluster;
Step 5: Set up communication links among vehicles according to the correlation of VNFs in service chains;
Step 6: Carry out the service chaining by the control of the CHs. The process is detailed in Fig. 2 .
where
where µ is the service rate, λ is the rate of entry for new packets which is a Poisson stochastic variable, m is the average VNF size (bits), ψ is the link bandwidth (bps), l hop is the average length of physical link in one hop, and γ is the propagation speed in the medium (m/s). It is assumed that the number of hop counts between communication vehicles is proportional to the linear distance between them, and N vehicles are randomly distributed in the V2X network. To obtain the AST, we analyze the relationship between h in and h out as the term of the cluster size b and B.
From Fig. 1 , we can see that both of the network region and the cluster region are rectangular in a real common traffic lane scenario. The cluster length and the traffic lane length are b and B respectively while the cluster width and the traffic lane width are a and A respectively. Note that a = A in this paper. In a rectangular area (a, b), the average distance between each pair of nodes is [26] 
Thus, we can obtain the average distance between two vehicles in a cluster in Theorem 1.
Theorem 1: The average distance between two vehicles in a clusterL in is given in (9) shown at the bottom of this page.
Proof 1: See Appendix. Besides, the average distance between two vehicles in the networkL out can be obtained by replacing b with B. Given thatL out /L in = κ and h out = h, h in can be replaced by h/κ. Thus the AST can be obtained by substituting (2)- (4) into (5), the expression can be simplified as a function of l:
The above AST analysis in this section is based on a relative static V2X network scenario, while the moving scenarios are discussed in the next section based on both macroscopic mobility model and microscopic mobility model.
IV. AST ANALYSIS IN MOVING SCENARIOS
In this section, the AST is analyzed in moving scenarios, based on a macroscopic mobility model and a microscopic mobility model respectively. Since the AST variation is only related to the clustered vehicle number variation in a moving scenario according to equation (10) , the following analysis is focused on cluster member variations. Firstly, the update of AST is discussed according to the time interval between two considered moment, which is under a freeflow traffic condition. Then, a microscopic mobility model is applied to analyze the instantaneous cluster variations, which facilitates the analysis of the change in distance headways (i.e., the distance between two identical points on two consecutive vehicles on the same lane) among vehicles because of any change in network topology, which is a common phenomenon in V2X networks for the high node mobility. Finally, a case study is illustrated to show the influence of distance-headway variations on the AST by using the microscopic mobility model.
A. MACROSCOPIC VEHICLE MOBILITY MODEL
Consider a roadway with three sub-lanes in the same direction depicted in Fig. 3 , where the original locations of vehicles in each lane are distributed following a Poisson Point Process (PPP) respectively. Referring to [18] , the probabilitȳ distribution function (pdf) of an arbitrary vehicle in Lane i under a free-flow traffic condition is given by
wherev i and σ are the mean and the standard deviation of vehicle speed, respectively. We assume that Lane 1, Lane 2 and Lane 3 are the slow lane, middle lane and fast lane, respectively. The speed range of Lane i is denoted by
Besides, there is an assumption that the speed of the vehicles in Lane i is assumed to be constant, denoted by v i for i = 1, 2, 3. Thus, the pdf of vehicle speed in the Lane i is given bŷ
the average speed of vehicles in three lanes are v 1 =v − 2σ , v 2 =v and v 3 =v + 2σ respectively.
Given the cluster size L c , the mean vehicle residence time within length L c in Lane i is defined as T i = L c /v i . From [18] , given the vehicle arrival rate µ i in Lane i, the number of vehicles within length L c is Poisson distributed with a parameter µ i T i , which is the original vehicle number (VN) in Lane i of one cluster. Thus, the original number of vehicles in a cluster is
where N 1 , N 2 and N 3 are the original VN in Lane 1, 2 and 3 of one cluster respectively. There is an assumption that the vehicles in each lane are going at a constant speed once entering a cluster. Besides, the cluster is always moving with the CH. Thus, after a period of time τ (i.e., the cluster moves from point A to point B in Fig. 4) , the VN in Lane 2 of one cluster is constant, while the VN in Lane 1 and Lane 3 of one cluster changes because of the different velocities. What's more, the VN in Lane 1 and Lane 3 of one cluster depends on the size of τ .
Theorem 2: Given the original number of vehicles in a cluster N t (0) = N 1 + N 2 + N 3 , after a period of time τ , the probability that N t (τ ) = k can be expressed as
). Proof 2: There are two different scenarios in the process of the vehicle movement -overlapping and non-overlapping, as shown in Fig. 4 , where the blue cluster is the original one while the red cluster is the new one. When τ is small, the new area of the cluster in Lane 1 and Lane 3 may have some overlapping sections with the original one, denoted by d 1 and d 3 in Fig. 4 (a) . With τ increases, the new area of the cluster in Lane 1 and Lane 3 is non-overlapping with the original one. For the reason thatv 1 =v−2σ andv 3 =v+2σ ,
Then the analysis of the probability will be discussed in these two situations.
1) NON-OVERLAPPING
In this situation,
2σ , this situation occurs. The probability that VOLUME 6, 2018 N t (τ ) = k can be expressed as
2) OVERLAPPING
2σ , this situation occurs. From Fig. 4 (a) , the overlapping section in Lane 1 and Lane 3 are
non , which are Poisson distributed with a parameter µ 1 T d 1 and µ 3 T d 3 , respectively. The probability that N t (τ ) = k can be expressed as
Given the original number of vehicles in a cluster N t (0) = N 1 + N 2 + N 3 , after a period of time τ , the AST of this cluster can be expressed as equation (17), shown at the bottom of the this page, where Proof 3: According to Section III, given one cluster (i.e., l = 1), h in = h out for poisson distribution, and n r = 1 for conciseness, the AST of a cluster with k vehicles can be obtained by equation (18) , shown at the bottom of the previous page, where
. Then the AST of this cluster after a period of time τ can be calculated in two scenarios: (1) non-overlapping: in equation (19) , shown at the bottom of the previous page, where (b) is given by The stochastic process, X i is modeled as a discrete-time finite-state Markov chain [21] , which has N max states as illustrated in Fig. 5 be the integer number of states that cover distance headway within transmission range R. From [21] , the state transition probability in Fig. 5 can be denoted by . where
), r j = 1 − p j − q j , and 0 ≤ p, q, β ≤ 1 are constants that depend on the vehicle density.
For one lane of a cluster, there are four events that will cause changes in cluster membership, illustrated in Fig. 6: (1) Vehicle A will enter into cluster j from the left side; (2) Vehicle B will departure from cluster j from the left side; (3) Vehicle C will departure from cluster j from the right side; (4) Vehicle D will enter into cluster j from the right side. For analysis simplicity in the next steps, we denote vehicle A, B, C and D as the special vehicle and take vehicle A as an example. Let N c be the number of vehicles between the special vehicle and CH j . The distance between the special vehicle and CH j is equal to the sum of the distance headways between the two vehicles. For notation simplicity, let X c = (X i ) N c i=0 be the sequence of distance headways between the special vehicle and CH j , as shown in Fig. 6 , which is an (N c + 1)-dimensional Markov chain (N c = 3). Therefore, considering vehicle A is outside cluster j at mth time step, i.e., Let N c be the N L × N L transition probability matrix of the lumped Markov chain X c .
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For event (1) and (4), the probability of the event is equal to the probability that X c transits from the lumped state k ∈ OUT to any lumped state j ∈ IN , while the probability of the event (2) and (3) is equal to the probability that X c transits from the lumped state k ∈ IN to any lumped state j ∈ OUT . Thus, given the initial state (X 0 , X 1 , . . . , X N c ) = k , the probability of event (1)- (4) can be expressed as
Based on the initial state at time step m and the probability of event (1)- (4), we can obtain the average number of vehicles in the cluster at the next time step m + 1. Assuming that there are p vehicles outside the cluster which have the opportunity to enter the cluster within one time step, the number of vehicles between each of them and the CH is i s , i = 1, 2, . . . , p , respectively (i.e., p oi ( i s ) > 0 ). Besides, there are q vehicles inside the cluster which have the opportunity to departure from the cluster within one time step, the number of vehicles between each of them and the CH is i t , i = 1, 2, . . . , q , respectively (i.e., p io ( i t ) > 0 ). Therefore, given the original number of vehicles in the cluster at mth time step Z t (m), the average number of vehicles in the cluster at (m + 1)th time step can be expressed as
where i k (/ i m ) is the initial lumped state of the range between the special vehicle i outside (/inside) the cluster and the CH at mth time step, i j ∈ i IN (/ i l ∈ OUT ) is the new lumped state of the range between the special vehicle i inside (/outside) the cluster and the CH at (m + 1)th time step. Then we can obtain the AST at (m + 1)th time step by substituting k = Z t (m + 1) into T c (k) in equation (18) .
C. A CASE STUDY FOR THE MICROSCOPIC VEHICLE MOBILITY MODEL
To make the analysis in Section IV-B more intuitive, an specific event has been illustrated to show the influence of distance-headway variations on the AST by using the microscopic mobility model. Fig. 7 and Fig. 8 illustrate an Ndimensional Markov chain and a lumped Markov chain, respectively, which both represent the system X c for N = 2, N max = 4. These two figures show how to reduce the state
The state space is 16 in Fig. 7 while the state space is 10 in Fig. 8) .
Particularly, we will analysis event (1) (Vehicle A will enter into cluster j from the left side) based on Fig. 8 as an example. From Fig. 8, IN represents that vehicle A is in the cluster j, while OUT represents that vehicle A is outside the cluster j, for N R = 4. Thus, the probability of event (1) is equal to the state transition probability of OUT → IN , i.e., the probability of the five solid line from right side to left side. Note that, the solid lines means that there exist nonzero transition probabilities between subsets of OUT and IN .
Assume that p = 0.5, q = 0.5, β = 0.5, X min = 20m, X max = 200m, R = 200m, which matches Fig. 7 with N max = 4, N R = 4. Then p j , q j and r j can be calculated according to equation (22) 
Given the initial lumped state of the range between the vehicle A and CH j k = (3, 1) ∈ 8 , the transition probability matrix N c = 1 can be obtain as follow 
Thus, P A = 1 ( 8 , 6 ) + 1 ( 8 , 5 ) + 1 ( 8 , 4 ) = 379 800 = 0.47375, i.e., vehicle A has a 0.47375 probability to enter cluster j as a cluster member to redeploy the VNF of its IOS based on the decision of CH j . Above all, the variations of the distance headway between a special vehicle and the CH may have a different probabilities of influence on the AST of this cluster.
V. NUMERICAL EXPERIMENTS
In this section, some numerical studies are presented to verify the effectiveness of the above theoretical analyses. The simulation scenarios are divided into a relative static one, corresponding to the analysis in Section III, and a moving one, corresponding to the analysis in Section IV.
A. NUMERICAL EXPERIMENTS OF THE PROPOSED CHAINING SCHEME
Firstly, the numerical studies are conducted to show the performance of the proposed algorithm in Section III. The experiment scenario is described as follow: There are N = 50 vehicles equipped with NFV-based IOS distributed in a section of traffic lane uniformly, with the length B = 5000m and width A = 17.5m. Assume that each IOS has a capacity C = 10, while the total number of VNFs and bVNFs is F = 100, M = 5 respectively, h = 2, n r = 20, P v = 0.5. The average end-to-end delay of one hop between two adjacent vehicles is D v = 13ms, while the average delay between a vehicle and the remote service center is D r = 35ms. The AST performances are shown in Fig. 9 , Fig. 10 and Fig. 11 . Fig. 9 describes the relationship between AST and the cluster size. As we can see, with the cluster size increasing, the AST curve experiences a first-decreasing-and-thenincreasing variation. When the cluster size is small, it is easy to understand that the cluster hit probability increases once the cluster size becomes larger for the reason that the number of CMs in a cluster will increase, as well as the number of dVNFs stored in them, resulting in a shorter AST. However, when the cluster size increases to some extent, the effect of the decreasing number of CHs on the AST, resulting in a longer request queue, will be greater than the effect of the increasing cluster hit probability on the AST. Thus, the AST begin to increase from that point, which is the optimal cluster size to obtain a tradeoff. The optimal cluster size is 3000-3500, 2500-3000, and 2000-2500 for α = 0.5, 0.7, 0.9 respectively in Fig. 9 .
In Fig. 10 , the trend of the AST curve is the same with that in Fig. 9 for the similar reason. Besides, it also shows that the length of the service chain has a significant effect on the AST performance. For a larger n f , each VNF chain is longer, resulting in that the AST is bigger, which matches the practical case: the more service requests, the longer service time.
To analyze the performance of the proposed CVC-NV algorithm, two schemes are compared in Fig. 11 . RD-wop is the random deployment scheme which does not consider the VNF popularity information, while PD-woc is based on the VNF popularity but not a cluster-based one.
From Fig. 11 , we can see that the proposed CVC-NV algorithm can reduce the AST obviously compared with the above two schemes. This is due to the fact that in the PD-woc scheme, the vehicle must download its required VNF from other vehicles or even from a remote service center when the required VNF is not stored in its own IOS, which cannot take advantage of the cooperation between adjacent vehicles; while in the RD-wop scheme, the common-used VNF is not always stored in the IOS, resulting in time waste even serious network delay, as well as disabling some urgent services. In addition, the superiority of the proposed scheme becomes evident with the required VNF number increasing, resulting in 61% and 43% reduced AST compared to RD-wop and PDwoc, respectively when n f = 20.
B. NUMERICAL EXPERIMENTS OF THE AST BASED ON THE MACROSCOPIC MOBILITY MODEL
Then, we present numerical experiments to show the AST update in Section IV-A. Since the AST in equation (17) cannot be calculated mathematically, a numerical experiment has been done in this section to observe the trend of the AST T c with time τ increasing. The related system parameters have been explained as follows:
In Fig. 12 , the average number of vehicles in a cluster fluctuates randomly with the period time τ increasing for the reason that it subjects to Poisson distributed, which is random. Since the AST is related to the number of vehicles in a cluster, it has the same fluctuation point with the number curve, shown in Fig. 13 . Besides, as the parameter µ i increases, the average number of vehicles in the cluster will increase to make a higher VNF hit probability. As a result, the AST for this cluster will be shorten. It is also shown that the AST will maintain a relatively stable value as time goes on, which is beneficial to the consistency of the cluster.
C. NUMERICAL EXPERIMENTS OF THE AST BASED ON THE MICROSCOPIC MOBILITY MODEL
Finally, we present numerical experiments to show the clustered vehicle number variation in Section IV-B. Assume that the initial state of the cluster is described in Fig. 14 , where p = 0.5, q = 0.5, β = 0.5, X min = 20m, X max = 200m, R = 200m, which is same with the assumption in Section IV-C. Assuming that the initial state of (X 0 , X 1 ) can be (3, 1)/(1, 3), (2, 2) , and (2, 3)/(3, 2), the probability of event (1) that vehicle A will drive into the cluster was given in Section IV-C. Assume that the initial state of (X 0 , X 1 , X 2 ) can be (0, 3, 1), (0, 2, 2), (1, 1, 2), (2, 1, 2) and (3, 0, 2). Fig. 15. and Fig. 16 . show the probability of the event (3) that vehicle C will drive out of the cluster and the event (4) that vehicle D will drive into the cluster, and the average clustered vehicle number at the next time step, respectively. As shown in Fig. 15 ., the probability of event (3) and event (4) is related to the initial state of the distance headways (X 0 , X 1 , X 2 ), resulting in the average clustered vehicle number variation in Fig. 16 .. Since the AST is related to the average clustered vehicle number as described in equation (18) and Fig. 13 ., it is obtained that distance-headway variations have influence on the AST of one given cluster.
VI. CONCLUSION
In this paper, we studied the service chaining scheme and analyzed the corresponding AST in an NFV-based V2X network. Firstly, a VNF distribution model was established to analyze the corresponding VNF hit probability, which was based on VNF popularity. Afterwards, a clustered VNF chaining scheme was proposed with the optimal cluster size, in which the service chaining procedure is shown particularly. Further, based on the proposed scheme, the real-time AST analysis of a given cluster is presented based on two level of vehicle mobility model-macroscopic and microscopic, of which the macroscopic mobility model is under a low vehicle density, which can be seen as a free-flow traffic model. With regard to the microscopic mobility model, a specific case study was described to make a detailed understanding into the mathematical analysis in a particular scenario. Finally, extensive numerical experiments were conducted to show that the proposed algorithm may decrease the AST significantly. To sum up, the research on AST analysis in NFV-based V2X networks is meaningful and worthy of in-depth study and application. 
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